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. - A MONTE CARLO INVESTIGATION OF B
' ' SPURIOUSLY INFLATED REGRESSION ESTIMATES R B

{fhomas D JOV1ck
>

K *  Introduction

'The fields of educational research hnd evaluation have, recently‘expreSSed

-

rz
4

flnterest in the method of path ana1y51s as a means of determlning causal relar.

d .

tionships among. variables 1n survey data. lee any other statistical proceduie

’ -

-

1t possesses properties: which have ‘not yet been fully asqertained?**ln using

= '

multlpln 11near regression as its ba51c analytical tool pafhfanalySIS relies

) heav11y on sampie regre551on estimates to'reflect the valldlty of, and make
. N A
causal interpretations about, a hypothesized model of causal relatlonshlps .

- N 2y .

among variables. Little has been documented -on the 1ike1ihooﬁ of obtaining

regression estimates spuriously inflated beyond their poptlation counterparts.

Such inflations may ocCur,when'the pattern of positive and negative signs of

the correlatlons among the varlables produCes @ statistical phenomenon called: .

* cooperative suppre551on (Cohen and Cohen, 1975) '

+

-

This study provides documentatlon bearing on.spurious instances of

2

! cooperative suppression and the resulting inflation of regression cocff}cients

in three-variable regression'equations, and discusses implicati%ps of the

—

results for path analysis, It attempts to provide such data by addressing

four concerns: G

1. How often will the pattern among correlations that is’ characteristic

f v - :
of cooperative suppression tend to occur in a sample just by chance?

Most simply the answer involves d record of{the proportion of time

one expects to find samples in which r

12 is negative and r,,. and r

Y1 0 Y2

.

are both positive
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In those instances where the pattern does occur: . B : S

2. How often will the negdtive correlation between independent variables

be significant, allowing one to infer the presence of genuine cooper-

ative suppression?

3. How much overestimation can be expécted in the estimates When the :

. ‘ N B
pattern comprising cooperative suppression appears? This would:
. ]

. ~ - i
tell how much the inflated estimates in general ten?«to deviate -
)

from their respectiye population values. g S

A. What size inflations generally occur by chance andlun‘nmch of a’

problem are they? Do researchers have much reason to be concermed

.

ubout those estimates being grossly 1nf1ated and therefore g ssly

misleading? . .

.
kY

Although path analysis may employ equations involving several independent

H

variables, this paper will limit 1tse1f to those W1th Lnly two independent

variables. The immediate tie to path models, then, is with those using a

series of three-variable relatignships. TN \\\\

As an attempt to inform these concerns, this study focused on the random

\

occurrence of the cooperative suppression pafitern among correlations in a two-

independent-variable regression equation and the ensuing influence on the

e

regression estimates. The analysis. involved a two-stage process, First, a

Monte Carlo simulation- program generated 10 000 samples of 100 "scores” for

T

each variable randomly drawn from a population in whlch the correlations among

the\three variables had been pre- SPGleled such that c00perat1ve suppression

did not exist.

3

For each sample the program calculated correlatlons and regre551on

¢

N
4



estimates. and recorded their signs and if they were significant for alpha =

S . . .
.05 (one-tailed). The secopd stage involved inspecting the data generated

by’ she Monte Carlo program, This was done using,prpgraﬁs‘in the Statistical -
.Paﬁkage for the Social Sciences (SPSS) to examine {n'méfé detail partigular

%amples in which cooperative suppression effects occur., ‘\ J

: v
.
LAY ‘.

I
[

.Cooperative Suppression and Its Zffects on Regression Estimates

. . A\ .
Path analysis hds been used quite extensively in cross-sectional socipl-

ogical research as a means of testing theories. _AIthough it cannot prove
causality; it ddes purport to determine whether a pattern of intercorrelations

among a set of variables can be mean1ngfu11y explaaned by a partlcula(%fheo-

4
retical formuiatlon about ordered. relat1onsh1ps The causai'valldlty of the \

model 1tse1f rests prlmarlly upon substant1ve empirical and conceptual con-~

siderations (Kérlinger and Pedhazur, 1973; Amick and Walberg, 1975; Namboodiri,

et al, 1975). | ‘ -

] ' ad

The basic inferential tool crucial to the method is multiple, linear
3’\ i -

regression which allows one to examine the magnitudes. and d??éctions of effects
and their statistical significance while controlling for mutual inprentes

' among independent yariables. The hypothesized‘causal model itself can be repre-

¥
.

sented by a set of multiple linear regression equations.*
*Because variables in the behavioral sciences are often expressed in
arbitrary .scales, not nmuch substantive information about a pé%h analytic
model is conveyed by non-standardized regression weights, which specify that
a 1.0-point change in the independent variables causes b points change in the
ependent variable. This is because the dififerent scale ranges of the indepen-
dent variables obscure the importance of different variables relative to one
“another when the nonstandardized b-weights are used. {
For this reason the standardized regression weights, 8's or betas, are
used as path coefficients t represent the direct effect of indepéndent on
"dependent variables. Each coefficient estimates the amount of change in
standard deviation units of the dependent variable that is produced by a I-
standard deviation change in the respect1ve independent variable (Amick and
Walberg, 1975).

<
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" It is crucial to realize that although the R® and ‘betas for any equation s

'

in the model are’ central to the analysis, their values'rely on the correla- )

tions among the variables, The way in which correlations of different

magnitudes and signs form d1fferent patterns ow/;ﬂlatlonsh1ps W111\d1ctate the

)

character of the regression estlmate . varjety of patterns of correlatlons

A .
among dependent and 1ndependent variables can ex1st, each of which has 1mp11r ¢

]
.

"cations for the magnitude of the regression estimates and their’ substantive’

interpretation.

’ .
.

izagohen and Cohen (1975) describer the pattern characterlstlc of cooperatlve

supp?e551on as one of the most attractQVe for researchers to find.* Its appeai
4

%s in the -characteristic way the estimates'get enhanced beyond what one wouldA
i - L ’ ' :

expect from the correlations between Y and each independent variable alone.
For the two independent variable case, cooperative suppression comprises cases

, in whlch thelndependent varlables correlate positively with Y but negatlvely
witH each other.

Y Cohen and Cohen (1975) describe three “attractive' . .

N < . patterns whose app&al is in the characteristic way the regre551on
esflmates get enlanced in magnitude beyond what thé correlations between
Y and each independent variable would lead one to expect.  The pa terns
come under the general label of suppression and are conVenlently identified
when each beta weight falls. outside the range 0 to Typ-

Classical suppression occurs when r,. = 0,. T , >0, and ¥, =0,
Although X, is unrelated to Y, using it in"the regressipn equallon increases
" R, beyond Its value had only X been used, The absolute value of the betgs

afe larger than the simple cortelatiodns wg;h Y; in partlcular, although X //f
is uncorrelated with Y, its beta welght does not equal zero.

B! ‘net suppression, although all correlatlons are pbsitive, X, sup-
‘presse -a portion of the varlan € in X, that is irrelevant to (uncorrelated
+ with}{ Y and thereby increases R beyoné what it weuld be if only X..were used
in thgdequatlon The beta weights will fall outside the range O to ®,, with
the addition that the beta £fQr the suppressor variable will be opposite in
sign of its Tyy:

N
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Exaép}es of Coqbg;ative Suppression o ' ' .

- Cohen and Cohen 51975),descfibe an in 'ance'uriSingwiq'péfsonﬁel.selec_l
tién. )k Diraetor of\sii;onnel, as ‘an at;e‘ {xfo gsiabiish’a'megns f selecting
sales persoﬁs from 4mong a pool 6fnn§p1icants, draws a sample of cyrrent sales-
persons and théins'ratidgs of their overall success iﬁ.sales pgrformancef e

> Interview datafsuégest that social. aggressiveness and habits and skillsfin_

record keeping each constitute a major determinant of sales successes.

H - - : ) S ""(
Measures of these two ,variables ate administered to the sample. Results .

reveal that' the correlation between social agg;essivenékﬁ'Cxl) ard sales

" success, (Y) is- .29, between record keeping (X,) anﬂ‘saies success (Y) is
' . . ré :
.24, and 1,, = -.30 'indicating that those high on social aggressiwensss tend

\
LY

12

to be low on record keeping ékills. _ Lo _ _ . ’
In this example, high social aggressi&éness>€‘hds ,to go along with

high ‘sales success but alsa with low record keeping skills, which itself is
’ L) . . i . » .
incompatible with high sales success. When a person is high on social
T ) o . .
aggressiveness, he also tends to register low record keeping skills; that low

x R . . . .
standing contaminates or suppresses the true relgtlonsth (correlation)
_ N , ,

between social aggressiveness ard sales success.  In order to determine the

unigue relationships to the dependent variables one %ust control for the
L) D)

~

suppressing influence of the }ow standing on the other independent variatfle.

When that is doné, the relationship between X, and Y increases beyond the

0

size of their zero order correlation. -~

- N
< T

The argument abqut cooperative suppression'applies also to XZ' That

) .
is, the relationship between X2 and Y is also suppressed by the negative

. N




correlatlon between X and X and samrlarly becomes enhanced when controlling
) . _ o av
oy X,. o // - : / | |

-

. - " = — R v
"' " Randomly Occurring Cooperative 4ngpression: Hazards to (fausal ‘Inference

' If'eOOperative suppression docs not exist in theé population, a chdnce

, still‘exists that it will'be found in sampies. Out-of a very large numbsg

. 7

,of Lndependent samples drawn from the same populatlon, a number will exhibit
Vi

cooperative snppressxon by chance alone. A certain proportlon of those

instances will contain significant inverse correlations hetween the indepen- .

s T

dent variables, and léad dne to infer that coép@rative suppression indeed

~r‘doe5 exist in the population and that thevinflated regreseion estimates reflect

the true relationships. The remainder wril contain nonsignificant'negative
12 's ‘and not suggest any suchJinference In eitner case, the negative corre—

‘ latlons will st111 occur and act to inflate the estlmates even -though ‘the

' : ’ @

parameter for the correlations is zero. - ' ;

1

-

;

_The potential for hazardous inferences in such samples is obvious.

The enhanced values of the estimates give the investigator the false impression

. + 3 . ) 1
his independent variables explain a good deal of the variance in the d%pen~

' . N ™4
dent variable and are important and major causal influences because of the

large betas they exhibit, ‘
-~ 4 7

The prospécts for path analysis araidtsturblng for a variety of reasons,

Those using the methed- traditiona ally appear 1nd1£ferent to the magn1tudes of

., Y -

‘the totatl proportionstof variance explained by the independent variables in

y o .

A . * RN

\)4 / ( ) .

ERIC

. . .
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each regression equation. However, what looks like large path coefficients
. ) I

may in fotal‘explain little of the variation in the dependent variable,

Furthermore, the analysts .tend to accept at face vélue the relative magnl-

tudes of ‘the path coefficients as a basis for assessing the causal importancel '

or unlmportance of. dlrectqconnectlons between varlables More dlsturblng 13

-

" the fact that some equatlons in the model may contain enhanCed estimates
whereas others do not. As a consequgnce, ppe pant oﬁ,the model may contaity

inflated estimates which.appear large and substantial in contrast to -uninflated
Pestimates in another part of the model. The researcher's interpretations will
'I ) ’ ] . ‘
then reveal "important" relationships among cértain variables whose estimates

!

- - . ' . . . \ .
occurred mercly as a'?unctwn of chande fluctuations in sign and magnitude
in the correlation. o ' . i ‘

° -
-

-

Cooperative Suppression: Theoretical and Mathematical Considerations

‘This seetion will demonstrate how the partialling process in mu&tipla '”

: . : 2 e C e
linear regression enhances the R” and beta weights to their proper magni-~
> ‘

» ’ \ . : S

tudes, In order to provide a more encompassing perspegtive on the problen,
the diécussipn w%ll deal/with the instances for théh theliﬁdependent variables
are uncorrelated, then t osé for which they are positi?ely correlated, and

. ﬂf;nally to the focus of thé study, those “for which'they are negatively'

.
. . . \
\ .

correlaté‘d.

ﬁffect~of,Cboperative Suppression on ;he'Total Proportion of Variance Explained

| . ) ¢ ’

T 3

When a dcpendent xartablc is regressed onfo two uncorrelated indepen-~

dent varlables, X1 and X the togal proportion of Y varlance explalned 15

a'

~

P . )
- ¢

T .




simply the sum of the squﬁred correiations of each X; with ¥ or @

N 3 “ 2.2 2w ;
B | | R” = Ty * Ty O
Becausc X and X, arc'uncorrclatcd each squared torrelation rpflects-

K

nger and Pedhdzur, 1973; Amick and Walberg, 1975) . .";v

No#mally on2 finds, cogrelations greater than zero betheen the 1ndepen~‘
L]

dent *variables, in which case formula (1) no longer applies, When all g

correlations are positive, ry, and r,, no longer reflect unique contribﬁi1ons
, corx P Y1 Y2 g q

of X, and X, to the Y varlance Rather,.part gf the proportion of Y varlance‘

2
expl \ned by one also involves part. of the proportlon explalned by the othgﬁ

’*

By not‘£artlall\ng out this rcdundgﬂt,varlance, one risks inferring that‘

each 1s/exp1¢1n1nw a greater proportion of Y than it really is, . -
- _ ) . - . : )
Esscntlally, the partialling procgss is one of extracting from one of
. " , -

" the independent variables all information in it contributed by the other

indepéﬁdent variable; thcn, the proportion explalned by one 1ndependent

A

fariable plus the prOportlon explalned by the other after the flrst has beeu

partlalledq¥rom it combine to give the total proportloanf Y varlance

\4 . : ALl ‘e v .
explained. Inspection of the formula for the total proportion of variance
‘ : . . ‘ .
demonstrates how this happens.

- When a corrclafion exists between the independent variabies\fofmula (2)

.

.

or (3), which&aro'equiﬁalcnf to each other, must be uggg\(Kefllnoer and
'”Pedhazur, 1973), although eathyreducgélto formula_(}) when Ty, = 0, Formula

@ ds

Wy

P



v

.where r is the squared Semi—partial correlation_betWeen Xz and Y controfling
¢ . . . 3 .

. L . . . ! . ‘ . .
"for‘Xl. It gives the proportion of variance added by: X, explaining Y after

taking into accoupt that amount contributed hx X1. Altefnatelf, Rz is also

-5

g ) - , 2o 2

given by the following formula: S S R ~
v . N -~
o2
| *Tyz "t Tya.2) )
where,r is the squared SCmi-pdrtial,carrelatioﬁ of X1 with Y controlling
' fbrf%%. The formulas for the semi~-partials themselves aré the key to‘th

A\
- and where this shared variance gets extracted.

r . : \
: RCR S A ¢ o 4),
. : -7y
/ ~ :
. o ~ ' N 5
‘ y1.2) T fvi T Ty2fiz o o (5)

2 ’

In formula (4) for example, when T

t

Y2

variance in Y due to ‘the correlation between the independent variables

12 1S positive, reriz is also po§i—

tive and gets subtracted from Tt thus taking into account the sharing of

[Kerlinger and.Pedhazur, 1973).

~ .

With cooperative suppression’y the presence of a negative correlation

lends a peculiar twist to this/ﬁﬁtion of extracting variance shared between-

12

- reflect unique proportions of Y variance explained by X1 and XZ respectively.

NS |

The negative correlation, however, indicates that the ‘independent variables

independent variables. Wnen r._ is negative, r2 and r2 again.no longer
_ Y1 Y2 B

x

Lo




, i . ERS
s
- : v %

- . " RS
- ot o
1

aré mutually suppressing some of the vaﬁ@gnée in Y each explains by itself. i?

“

' &ather than extracting shared variance, the partialling process adds this

"hidden" part of the unique variance back into each independent variable's
. &

}zero—brder relationship with the dependent variable,
- Réferring to formula (4), again for illustrative purposes, we see that
the influence of ths negative correlation takes place in the term Ty1T15 of

the numerator. Wrén T is also negative but its absolute

12

is negative, Ty T, .

~

value gets ddded to Typ in effect increasing the correlation between X2 and

-

Y after controlling for X,. ‘ o

Tablé 1 presefits some fictitious data toillustrate the phenomenon
characteristic of cooperafive suppression. Thé left half presents the
estimates when no correlation existe between the independent variables and
serves as a comparisﬁﬁ for what happens to them as the correlation becdmes
increasingly negative.

The table éhows tﬁaﬁ% in all instances, the R2 increases aé a function
of taking into account the inverse relationship in the independent variables.
As the correlation becomes more negative, obviously a greater portion of the
unique relationship between independent and dependent variables is suppressed;
when that inverse relgtionship is takéﬂ”into account, the R2 increases more
and more above what would be'expected if no correlation existed between the
indepen@ent variables. For example, when Tvq and Ty, equal .2, one doesn't
expect- the total proportion of variance to be greater than .08, Yet, as a

o . 2 . . N .
function of a negative T the R™ increases beyond this by a minute amount
RS o~y

= -.1 and to a more substantial size of .2 when r = -0,

to .088 when 1 12

12

/

/




TABLE 1-(pontinued)

\

_ 2112 = Zero | rl?j!eﬁa‘&'ljvr?.‘; . 4
r' o R2 g | Standard Error r‘ RZ 8 N Standard ErrOri
nor 1.2 121 of Betas 12 Yl.2 ¥4l of Betas

o 400 R0 b0 00 .08 -0 L0 M e 080
L - 150 g o a0k

> 00 M0 500 Lm0 080

250 A0 L0 L 080

=300 K60 500 50 ,080

-,400 530 b0 000 080

150 .25 090 150 250 100 -100 093 80 .20 100

| | S150°,008 190 280 100

200 10T 200 2 00

o250 1L 230 0 .00

300 18 250 L0 100

: S0 A% 00 100

200 ,b00 ,200 ,200 0O 000 =200 .20 (260 k20 090

. L1520 270 kb 090

L0 2k 290 ko 090

2250 200 R0 k0 090

-300 270 350 510 050

. 400 3100 4300 L5 090

14
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- FICTITIOUS DATA ILLUSTRATING INF’IA.TIONARY CHARACTERISTICS IN COOPERATIVE SUPPRESSION:

NFLATION TN REGRESSION ESTIUATES DUE 'T0 NAGATIVE r. , CONPARED 10 1, = 0
HOLDIG! ) Dy, CONSTANT .

; 2 = :gero : - ] 12 Negative © k _
ﬁle ava .,Rz e tea Stigngiagrr?f 12 8 ne w1 Sti?dgziégrror'
! " : T
200,200 080 200 .20 .09 -0 088 .20 .20 .09 e

| 5190 0% 2k L2k 098

-200 200250 20 100

-2% 1100 2700 .20 1,100

5300 .10 .29 .29 ¢ ,100

b0 L1300 30 L0 100

-600 .200 500,500 120

00,300 180 L300 300 00 -0 .20 L3030 . .0

| | L9200 30 I 090
200,230 380,380 000
=25 240 Gk00 ko0 T 0% .
L300 260 b0 ) 430 00 §
- -0 300 L5000 500 090

-600 k50750 750 090

~

J




-13-

The phenomenon apparently occurs whether or not v and Ty are equal, For

\

example, when r 1 equals ,2 and T equais .4, one typically expects to find

Y Y2

———
an RZ not larger than ,2; but as T, becomes increasingly negative (-,1 to f

-.4), the R2 deviates increasihgly above .2 from .22 to .31, -Ghiselli (1964,
s .

»
P. 311) nqted the same general trend as part of a discussion about prediction

studies.

Effect of Cooperative Suppression on the Beta Weights (Path Coefficients)

Table 1 suggests that, 1ike_R2, the beta w?ights also increasé as a

3 fu%ction of partialling out the irrelevant portfbn of variance in the inde-~ .
pendent variables. ‘fhe increase appears to be more dramatic than it is for L
Rz.v For example, in the absence of suppression effects when Tv1 and Ty, eqﬁal
.3, ohe would’normally exptet each beta to be no larger than .3; but, as Ty
becomes increasingly nggative from -.1 to -.6, each beta deviates abave’
expeﬁtation,frpq .33 tgy%75. Similarly, when Tyq - .2 and r?z = .4, one
normally expects BYl.Z @Q be ho larger than .2 and BYZ.l'to be no 1érger than
“.4; yet, as Tyo increases in ;egativity from -.1 to -.4, 8Y1.2 increases from

‘ A R
.24 to .43 and BYZ 1 increases from .42 to .57. The formulas for the beta

weights provide some insight as to why thi§ happens,

N

For the two independent variable case,

By1.2 © Ty1 " Typfrp (6
2
1 - r12
.
and ‘ *




A <
" -14- P
N
By2.1 T Ty2 T rerl}. Q) .
[ §
"y 2
g 1 -1y

Note their similarity with the‘formglas,for the semi-partial correlation

coéfficients; particularly, the numerators are identical to those for the

corresponding semi~partial, ° 'T . :

When Ty, equals zero,“B'YL2 réduces to rYiand\B\Q.I reduces'tO‘rlz.
Narmall&, with T, positive, the betas will be less than their respective

S ' correlatiéns because the amount of variance shared betwéen the indepéndenf

| variables gets partialled out'gf each. This is algeﬁraicalyy manifested in

the subtraction of Ty,T15 from Tyy in (6) and Ty1T12 from’rY2 in (7). In

cooperative suppression the absolute value of the q;antities Ty1T12 and

%Y2r12 get added in the numerator, in effect enhancing the magnitude of the.

betas beyond Tyy and Tyoo respectively. Thereby, the true magnitudes of the

. : “ 14 .
relationiﬁips between independent and dependent ,variables are brought to the

3 ‘

surface. ' , : .

Procedure
The -initial step was to generate, for threg variables (Xl, X2, and Y)
f \415 a sample of scores which were randomly selected from a population in which
—

the three correlations, T, T and r,., are of a pre-specified magnitude,

, Y1 Y2
. A
Kaiser and Dickman (1962) present a method for randomly generating a sample /
& ' ¢
. correlation matrix from a given population matrix. ﬁk
. : ~
o~ ~




‘ . -

&l ' *
Invoking their procedure for 10,000 samples of size n = 100 and

using the same population matrix of correlations, a Monte Carlo computer
N . R - '
program was developed to generate 2iree sampling distributions, ome for each

. correlation. The popula tibn parameters for the correlations**, their }

. , 2
respective beta weights and tHe total proportion of variance (R ) are:

“

parameter value

T, o . .0000
T ‘ - ~‘ .2000
. Yl < 7 e ‘ )
o N 3500 . 0
Y2 N
Byq ) .2000
N : Bys . ' . 3500 «
R .1625

For each sample, regression estimates were calculated aﬁd whether or
! B : } ‘ ’
not each value was positiGe and statistically significant was checked. The

magnitude and direction of the differences By1 ~ Tyg and By, - Ty, Were

also recorded to demonstrate the discrepancies between the betas and their

- PR

respective correlations in eé’h sample. All this information was stored

on tape for later access.

. - . ¢
: _ }
*This study limited the sample size to, 100 to keep it in the realm of .
. sample sizes accessible to educationdl studies yet sill in the area normally

used, in path analytic studies, In view of the difficulties in obtaining
large samples in most educational research, an N of 100 seemed an appropriate

size. .
* ok - i rd
. For population values for rYl, Tyo and T12, see ?ppendlx A,
\ \\ ' SRR
. \: . . - v

Q -" : . : 1 k}
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The Monte Carlo method therefore provided the basic data from which

to s€lect out and analyZe the incidence of cooperative suppression’effects,

. - . :
Canned programs in the Statistical Package for the Social Sciences (SPSS) . -

: . - 25
were then used to examine this data in more depth, ¥

Q

‘Resultsy
, . e ¥
Characteristics of the Cverall Distribution. - o -
"Across all samplés, the  averages for each correlatioﬁ'and regression
estimate nearly equalled the pbpulation parametefs and the standard deviations
“were quite small. Kurtosis and skewness deviated little from zero indicating
close approximations in form to the normal distribution. These. data are
presented in Table 2. . -
TABLE 2
MEANS, STANDARD DEVIATIONS, KURTOSIS, SKEWNESS, RANGES, MINIMA -
AND MAXIMA FOR CORRELATIONS AND REGRESSION ESTIMATES )
ACROSS ALL SAMPLES (N ' = 10,000) _
» , ;
J.o T Tyi Typ Byp By R
Mean : 002 .20 .347 .20 -.344 176
' Standard Deviation .099 .097 .087 091 .086 . ,066
Kurtosis ° -,045 -,103 -~,011 -.092 .033 .052
Skewness S -,017 -.111 -,193 -.099 -,172 .357
Range .759 .748 .629 728 626 .453
Minimum -.383 -.161 014 -,172 .009 .004
Maximum - ;S ’ .376 .587 .643 .556 .635 ' .457
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.‘:
Table 3 presents the distributions in terms of the percentage of cases
;
: .
falling into + 1, 2,.and 3 standard deviation intervals around the parameter,

The midpoint for each s;gmented line has been set équal to the appropriate
population paramefer and standard deviation units mark;d off on each side, L
Thé‘pérameter‘values appearvin parentheses ad}aceht to théJname of each
estimate."Consﬁlt Table 2 for tge'appropriate value of fhé étand&rd dgvi;tién :
for the cofrelations énd regiression estimates. Entries are the-percenfaéeA
of samples\falling‘in the specified inte?val, e.g-, 33.8% of the sample rlz's
were within 1 standard deviétion belgw the parameter a;d 13.4% were between
-1 and -2 standard deiation.

\‘ ) ' When 'correlations are sampled gigyka,population in which the relation-

ship‘is‘other than zero, the'sampling distribution tends to be skewed, as
; \ suggested by Table 3. As a fu;ther chéck on thé performan%g'of the Mb;te

Carlo program, distributional properties for Ty and Ty, Were compared with -

those for the normal distribution with mean equal zero and standard deviation/
A

eequal 1, that is N(0,1). 1In order to express such disgribufions in terms of. \.
o
a normal distribution, first it was necessary to employ the Fisher r to Z
transformation of the correlations. The transformation is:
Z=1/2 log 1 rxz
l1-71
Xy
The resulting sampling distribtuion will be approximately normal with a
standard deviation of /1 .
N-3
The distributions of.the transformed rYl and rY2 values for the 10,000 samples
' ’ i ' -~
’, . closely approximated the normal’ distribution.

C
b

0o

o




TABLE 3 R

r )

PERCENTAGE OF ALL SAMPIES FALLING INTO ¥ 1, 2 AND 3 STANDARD
DEVIATION INTERVALS AROUND THE PARAMETER FOR CORRELATIONS A
.  REGRESSION ESTIMATES (N = 10,000)

a4

. , ,
Parameter +1 - 42

=3 -2 =1 +3
3D s = Value §D . 8D . SD
\ = : + 1t !
Cr.(0.0) N 21 13 38 34,2 1.3 2.0
12 N + ] 1 ! L "L *{
ry; (.20) L2k 1350 33.3 N 4.3 . 1.8 |
f : I —
ry, (.35) - 2.6 [ 138 329 4 3547, 13.5 , LB .
| T i —
B (.20) .23 13.6 S 333, ™3 143 | 20
v . 13. 1.
§e (:35),% 2.6 1 - 33 1 3 133, 1.6 -
R (.1625) L .3 L10.2 i 33.5 1 34,8 L 16.8 N 3.8 |
| { !
P
(3 T
~ L

\_/
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"Inéideggé of Cooperative Suppression

"Out of the 10,000 sampfes, the pattern charactep}stic~of cooperative

sﬁppression occurred in 48% or ff763 samples. Of these 91,2% (4,343) had

"a nonsignificant rlzp

which is 43,4% of all 10,000;~thus, aboyt 43 out of

2

100 cases had the pattern characteristic of cooperative suppressibn but
would riot allow one to infer it exists in the population, The remaining

'8.8%‘(420) or 4.2% of the entire 10,000 cases had a significant T for a
, : o

one-tailed test with «alpha = ,05; that is, ébout 4 out ofOIOQ\samples didyj

C \ )
allow one to ipfer the presence of cooperg}ive suppression, even though it
did not actually exist in the population.

,

Disqreggpé}gs Between Betas and Correlations i *
When the pattern of cooperative -suppression has been found, regardless
of whether or not T is significant, one expects the beta.weights to be
larger than their respective correlations, and this prﬁved té be true for the
present data. The information given below illustrates the general sizes of
ﬁ?ﬁ discrepa?cies, even though none actually e*isted in the population,
' In each sample generated during the Monte Carlo routine, the correlé—
tions, Tvq and Ty,» Were subtracted from their corresponding beta weights,
BYl and SYZ' Table 4 presents the means, standard deviations, ranges,“minima
N .
and maxima for the resulting differences in estimates for patterns of cooper-
ative suppression only. The mean differences depict the amount of iﬁflatioh
that tends to occur as‘a fuqction of the randomly occurring negative correla-

tions between the independent variables. In gencral, the mean differences

across all patterns of cooperative suppression are slight. 7N
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Thé range of‘différences in regression estimates suggests the possi-
: N \ ' .
bility that an occasional case may Yjeld marked discrepancies, but their
d ] .
standard deviations suggest that the occurrence of maximuf differences

-

attained in this study is rare (5 to 7 standard deviations above the mean-
difference)\

TABLE 4
ALL. SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESSION: MEAN§; STANDARD
DEVIATIONS, RANGES, MINIMA AND MAXIMA FOR DIFFERENCES BETWEEN
CORRELATIONS AND RESPECTIVE BETAS (N = 4,763) T

| B Ty1 By
X Mean .027 G -
Standard Deviation OR2\ .015 '
Range L1A6 . T 120
y . \
/ | .
, © Minimum | .000 1,000 .
} Maximum v 1146 120
. . .
<'*\\ | ; -
/ \\Iggle S.presents the means, standard deviations, ' ranges, minima and

maxima for the differences in estimates for pattérns of cooperative suppres-
N , ‘ X tos '
sion with a significant Tio- Although their discrepancies were larger than

those for cases with a nonsignificant T these instances comprised only
& ' N

™~

about 9% of all cooperajive suppression patterns, . In light of the small
standard deviations, tjfi’s information makes it clear that the odds were low

» for obtaining a sample with a poéperative suppression pattern in which the

T, Was significant and in which the estimates deviated markedly from the
! ‘ B ) v
©  parameter. ‘ , ﬂ




. . =21- : L T

B P W . P
. \ - . « " w
[N - ey

‘ . TABLE 5. RS

b
iy L)

SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESSION AND SIGNIFICANT |
‘ r ;i MEANS, STANDARD HEVIATIONS, RANGES, MINIMA AND

12" MAXIMA FOR DIFFERENCES BETWEEN CORRELATIONS -
AND RESPECTIVE BETAS' (N = 420) » ,
. w .' , . ' . . T . o ) "1 _Q , - .' ‘Q';f - . T e
S B s PN v e B £,
Yean | ;072 LU S
Standard Deviation 7 .022 .018 ‘@-”"‘
. ‘/' i ‘
~ Rangey’ | 124 .113 .
Minimum - ' 022, .007-
. . . * “
. Maximum | 146 - .120

hat

_ Magnitudes of the Regression Estimates

In conjunction with the expectation that the betas would be larger than

. \ S :
N . @ . .
the correlations, the regression estimates in patterns of cooperative suppres-

1 : . :
sion were expected to overestimate their parameters. That is, because of the

]
12° qhs mean far thévBYl s,

2 ) . P :
R™'s were expected to .be larger Ehan their population values. This was found

enhancing effect of the negative r BYz's and the

not to be true in the data-of this study. The sets of information below
elucidate different aspects of the data concerning the sizes of the sample
estimates. .
™~ » . :

Table 6 presents thg means, standard deviationsy ranges, minima and

y ‘
maxima for the regression|estimates fgr #he 4,763 patterns of cooperative

suppression, The means for all»fﬁrée estimates appear to he quite accurate

. : Id
approximations to thg .parametgrs.
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TABLE 6

ALL SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESSION:
MEANS, STANDARD DEVIATIONS, RANGES, MINIMA

AND MAXIMA FOR REGRESSION ESTIMATES A
| (N = 4,763) ; \
- ) 2
Y1 By R i
o | : s -
. Mean, 1,207 - 348 .167
Standard Deviation 084 087 . 065
Range - .490 .588 .412
Minimum - .007 .047 015
N ,
Maximum 497 635 | 427

& . |
Although the minimum,and maﬁgﬁum values attained for all correlations
9
and estimates deviate markedly from the population par%metergg the }ncidencé
of such extreme values was rare. Ovér all 4,763 instances of cooperative'
suppression, about 70% of the sample BYi'é, BYZ's, and Rz's fell within + 1 ’
standar& deviation of their parameters and about 95-98% fell witﬁzn + 2 stan-
| | | T

dard deviations of their parameters. ‘ e~

When cast in light of ail 10,000 samples; these percentages become
reduced by about half, Generally, about 32-34% are within + 1 standard
deviAtion of their pagameters and 45-47% are within + 2 standard deQiationé
of their parameters. |

Table 7 presents the means, standard deviations, ranges, minima and

maxima for the 420.cases of cooperative suppression with;significant rlz's,

L]



The &isfributignal déta indicates that abOuf 64—67%.6% these 420\\/
estimateé were withif + 1 standard deviation of their population'parémeters
and‘87—97%'were within +-2 standard'deviations; This suggests tha& the
esﬁimates for what one Jbglﬁ infer to be genuine cooperative suppresgion
situations stiil tend to fall close to.their parameters even though they

- are .subject to infiationary‘effects due to statistically'significant‘négéfi;e"

 correlations between the independent variables, °

TABLE 7 5
SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESSION AND
SIGNIFICANT 1 MEANS, STANDARD DEVIATIONS, ;
" RANGES, MINZMA AND MAXIMA FOR REGRESSION
N ~ ESTIMATES (N = 420)
. 2
‘ 8y1 By, - R
Mean - 214 .351 .152
\ o Standard Deviation -+ .078 .091 . .064
Range .396 .466 341
/
Minimum ».040 110 .024
Maximum ‘ .436‘7 .576 o . 365

Out of all 10,000 samples, about 3% had a significant pattern of cooper-

ative suppression with estimates within + 1 standard deviation of their
population parameters and about 4%(with estimates within + 2 standard deviations,

-

Magnitudes of the Corrclation

Briefly, then, the inflated betas in c00perafive suppreséion patterns

were larger than their correlation counterparts but still tended to be rela-
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tively good estimates of thefr‘ownﬂparameters. This could mean only that
* the sample gorrelations, ry,

' ‘suppression tended to underestimate their respective parameters, In the

and rYZ’ in these patterns of cooperative

discussion below, different aspects of the data concerning sizes of the
coréﬁﬁitiéns show this to be true.

Table 8 prg¢sents the means, standard deviations, ranges, minima and

maxima for the correlations for the 4,763 patterns of cooperative suppression.

Tﬁéi%@an for r,. was about 1 standard deviation below the population para-

12

meter, but that was expected since all selected cases had no positive r.,'s.

12

The means for rYl a“d,ryz

« e TABLE 8

were somewhat lower than their parameters.

ALL SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESS ION:
 MEANS, STANDARD DEVIATIONS, RANGES, MINIMA
AND MAXIMA FOR CORRELATIONS (N = 4,763)

T12 v - Tya

.7 Mean Lo . 181 .331
" Standard Deviation .058 .086 088

Range 340 " 475 .604

A Minimun 340 000 .028
8 Maximum .000 475 .632

Although the minimum and maximum values attained for all correlations

L

" deviated markedly from the parémeters, the fréquency of such extreme values
. was low. Over the 4,763 cases, about 70% of the negative rlz's were 1 stan-

dard deviation below zero, 95% were 2 standard deviations below and 99.8%

S
-1

D
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were 3 standard deviations below. About 67-70% of the sample le's and rYz's

fell within + 1 standard deviation of their3parameters‘and about 95-99% fell
within + 2 standard deviations.
- When cast in light of the 10,000 samples, those percentages become

./ “e reduced by about half. For Ty and ry, about 32-34% were withih.:_l standard

deviation of their parameters and 45-57% within + 2 standard deviations, More

/
of the rYl's and rYz‘s that randomly occurred together with the negative r,.'s

12

were below than above their parameters. Because of this slight discrepancy
in distributional properties for correlatiods and betas and the conSeqUent‘
average underestimation by the correlations, the amount of inflation due to

the negative T, Was, on the average, sufficient to make the averages of the
. \ :

_sample betas accurate popﬁlatioﬁ approximations.
Table 9 presents the corrglation means, standard deviations,.rénges,

: minima and maxima for the 420 cases of cooperative suppression wifh significant

r12'2 when using a one~tailed test and alpha = .05. The means for the correla-

tions are even farther below their parameters than they are for all instances

-3

witht the cooperative suppression pattern or those with the pattern and non- o

significant rlz's. This distrfbutional data shows that 60-63% of the rYl's

and r,,'s were within + 1 standard deviation of their population parameters '

Y2
and 91-98% within + 2 standard deviations., As before, these percentages suggest

the correlations tended to fallvclosely to their parameters, but they are
somewhat miéleading by themselves because a disproportionate pércentage of .

of cases fall at the lower end of the distribution. Althougﬁgthis observation

was noted above, it is more marked for these 420 instances.
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TABLE 9

SAMPLES WITH PATTERN OF COOPERATIVE SUPPRESSION AND SIGNIFICANT
r,.: MEANS, STANDARD DEVIATIONS, RANGES, MINIMA AND

12 MAXIMA FOR CORRELATIONS (N = 420)
' {
Mean -.205 .142 305
. Standa®d Deviation .035 080 . .092
Range . 174 .393 _ .464
Minimum , -.340 .003 - .070

* Maximum -.166 .396 " .534

Nearly 3% of all 10,000 cases had a significant pattern of cooperative
suppression with correlations within + 1 standard deviation of their para-

meters and about 4% within + 2 standard deviations.

Summary

From a population in which cooperative suppression was absent and Ty, =

«2, Ty, =.35 an&\flz = 0, 10,000 random samples of size 100 were generated for
a 2 independent-l dependent variable system and correlations and régression
estimates calculated for each sample. Nearly 48% of the samples yielded the.

pattern characteristic of cooperative suppresion, i.e. Ty and Tyo positive

1

in sign Tio negative. Only about 9% of these, however, were found to have

a statistically significant negative correlation between independent variables

for alpha = .05 (one-tailed test). This comprised about 4% of all 10,000

- samples and reflects the overall incidence in which one would incorrectly

TS
€
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infer that cooperative suppression exists in this particular population,
N T ) ’ 2
. . ¥ .
The remaining 91% of the samples with patterns of caoperative suppression,
. . L]

)

" or 43.3% of all 10,000, would not have allowed such an inference,

~Although the betas were larger than their counterpart correlations, the

N I'd

‘observation of BYl's and BYZ'S grossly discrepant from the r,,'s and r..'s

Y1l Y2
respectively was rare. quyhermore, the betas did not, on the average, over-
estimate their parameters. On the contrary, the means for BYl’ BYZ and R2

quite accurately approximated their paraketers, and the majority of sample
values for each tended to cluster close to their parameters.

The means for Ty and Ty, were lower than their'parameters and their

1 2
distributions were somewhat weighted on the low end. Apparently, a dispro-

pértionate number of rYl's and‘ryz' falling below their paraméters_occurred

in samples with negative . r12's.

5, ’ e " The averages for the correlations were notﬁﬁighly discrepant from their

parameters nor were the 'distributions highly skewed. The largest discrepancies
and unbalance 'in the distributions occurred in those samples of cboperative
suppressipn with significant rlz's. | | .
'In general, then, thefe occurred a slight discrepancy in the distribu-
tional pfopefties for correlations and betas, the correlations being positively
skewed, and an average underestimation of the parameters by the sample‘corre—
lations. The magnitudes‘of inflat;on attributable to the randomly occurring

° negative r. ,'s, though slight, were on the average sufficient to make the

12

means for the sample betas accurate approximations of their parameters,
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Implications for Path Ahglxsié

The original cConcern was over the'possiﬁility of a path analyst empiri-
cally finding a pattern of cooperative suppression among some vaiiaﬁles in
the mddel although it did not exist among them in\thé popglation. The related
causél effecfs(which the/analyst'would infer to bellargeﬁdould in fact have | -
occurred as the result of inflationary effgcts attributable to the presence
of a randomly occurring negative coxéelatibn‘between the independent variables.

, ~ /

Unknowingly, the researcher wouid coﬁcldde that these relationships in the
model reflected-causal influences much larger than actually existed. The
results of this study do have some implicatéons about such ppssibilities but
tentagively must be limited to causal models with twoxindependent variable
equafidns and a population in which variables are moderateiy related and
COOPeiaFive suppression is nonexistent. - | . ; o

The possibilityhof finding the pattern is good but the need for concern
over grossly inflated estimates appears minimal; If the pattern occurred
among a set o;‘gets of‘variables in the'model, the betas‘would not tep& to be
grossly exaggerated. This apparently‘is true :egardless of ;he magnitude of
the negative flz. Although large estimates did appear as a fuﬁction of the
randomly occurring negative Typs the-poséibiiity‘of 6btaining estimate§ of
such magnitudes was 1ow; Indeed, the majority of values for the régression |
estimates tended to congregate near their parameter values, Therefore, the
data suggest that the path analyst need not be concerned over the‘inflafionafy
effecfs on the betas and total proportién of variance explained should a pattern

\ : :
. of cooperative suppression unexpectedly appear in the sample data.

~
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Implications for Future Research

»

’ [
& . b : ' .
Todetermine the ‘generalizability of the results, two courses of action

A ’ . .
.

should be taken. One is to perform a ‘variety of aﬂ&lyses of this same type .
using a sample size of-100 and' two 1ndependent variables but w1th different
p051t1ve populat1on correlations between 1ndependent and dependent varlables.

Beyond ﬁkgb, stud1es could also vary the magn1tude of a negat1ve population

[}

correlation between 1ndependent varlfbles.‘ One would ‘then be 1nvest1gat1ng

the-iﬁcidenfe of suppression and magnitudes of estimatéé_EPat ensue' when
cooperative 'suppression does exist in the popuiatiéh. ‘ |
The second is to repeat all those analyses with-differing co;relations
~ for different sample sizes. In partichlar, smaller sapple sizes would.be
more meaningful to educational research since'researchefs are often qonstraine&

by the necessity to use unf%s of analysis of which they can obtain only a -«

small number, such as classrooms and schools.

2

am



BIBLIOGRAPHY

'.'Amick, D.L. and Walberg, H.J. Introductory Multivariate Analysis

for Educational, Psychological, and Social Research. Berkeley,
Calif.: HMcCutchan Publishing Corporatlon, 1975 ‘

' Anderson J.G. and Evans, F.B. Causal models in educational research-
ReCLIS‘ie mcizlis, ,é‘arlcan Educational Research Journal, 1974,
11 (1), z3-33. : ' :
Blalock, #Z.0. dx, Cauoal iwodsis in the Social 801ences. Chicago:

Aldine, 1971,

" Cohen, Jv and Cohen, P. Applied Multiple Regression/Correlation’

Analysis in the Behavioral Sciences. Hillsdale, New Jersey:
Lawrence Erlbaum Associates, 1975.

_Cbnger, A.J. A revised definition forlsuppressor‘variables A guide

to their 'identification and interpretation. Edu:atlonal and
Psychological Measurement, 1974, 34, 35-46.

Conger, A.J. and Jackson, D.N, Suppressor‘variables, prediction, anhd

the interpretation of psychplogical relationships, Educational
and P53cholo"1ca1 Measurément 1972 32 579-599. ’

Duncan 0.D. Path analysis: 80c1olog1ca1 examples. Aﬁgfican.Journal_

of 5001ology, 1966 72, 1- 16

Chiselli, E.E. Theorx_of R_Icholoplcal'Héasnrementf - New York:’
‘McGraw-Hill Book’ Company, 1964, - S

+

Social Sciences.” New York: Senlnar Press, 1973.

"Hays, Y.L, Statistics. New York: Holt Rinehgrt and Wlnoton, 1963

“4Heige,'D R. Problemg in path ana1y51s «and cauﬁhl inference. In E F.

Borgatta (Ed.), Sociological Nethodolog/~ 1962 ~ San Francxsco,
Calif.: JOQS“]*Bloo, 1970, Chapter 2.

4 * ‘ °

33

-
- Duncan, O.D. Cont1ngenc1es in constrvctlng causal models.' In E.F.
Borgatta (Ed.), Sociological Methodology: 1969. San Francisco:’
Jossey—Baos 1969, 7h- 112 o S
Duncan, 0:D. Introductlon to Structural Equablon hodels. Yew YorﬁE
Acadenic Press, 1975. o e = ' j

1Cdidbe:ger,,A.Sy and Dunean, 0.D. Structural Equation. Models 1n the -



V‘M
- o g

Hoffman, P.J. GCenerating variables with arbitrary properties.
' Psychometrika, 1959, 24 (3), 265-267. :

Kaiser, H. and Dickman, K. Sémple and population score matrices and
sample correlation matrices from an arbitrary population
correlation matrix. Psychometrika, 1962, 27 (2), 179-182.

Kerlinger, P.R. and Pedhazur, E.J. Multiple Regression in Behavioral ////
Research. New York: 'Holt, Rinehart and Winston, 1973. .

~

Land, ¥K.C.- ¥rinciples of path analysis. In E.F, Borgatta (Ed.),

Szcoiclzgical Hethodology: 1G59. San Francisco: Jossey-Bass,

Lonres, T.R. and Colley, W.W. Iniroduction to Statistical Procedures
with Computer Exercises. New Yorkg¢ John Wiley and Sens, Inc.}\U'
1968. : '

Madaus, G.F., Waods, E.M. and Nuttall, R.L.. A causal model analysis
of Bloom's Taxonomy.  American Educational Research Journal, 1973,

10 .(4), 253-262." -

Namboodiri, N.K., Cartei,\E}F. and Blalock, H.M. Jr. Applied
Multivariate Analysis and Experimental Designs. New York: McGraw-
Hill Book Company, 1975. ' :

L] T

Nie, N.H., Hull, C.H., Jenkins, J.G., Steinbrenner, K. and Brent, D.H. -
Statistical Packagd for the Social Sciences. New York: HcGraw-

Hill Book _Company, 1975.

Werts, C.E, and Linn, R.L. Path analysis: Psychologicdl examples.
Psychological Bulletin, 1970, 74,/193-212. » .

¥herry, R.J. Sr., Naylor, J.C., Wherry, R.J. Jr. and Fallis, R.F.
Cenerating multiple samples of multivariate data with arbitrary
population parameters. PsychometrMeal, 1965, 30 (3).

¥right, S. The method of path coefficients. Annals of Fathematical
Statistics, 1934, 5, 161-215. < ' '




-32-

. .- " APPENDIX A
| _ 5

Population Values for Ty1s Ty and Tio

]

-

It i5 interesting and pertinent to path analysis to 1ooi at a fopﬁla-

. tion in which sdme &eg}ee of relationship between each indep$ndent variaBIe
and the dependght variable actually dogs exist. The use of path analysis_

presgmably?dééis with a plausibly aCCurate_que1>ih 3hich the rélationships‘

~have been formulated on the basis of other empirical results in conjunction

jwith theoiéfical substance. Chances are that some f6rﬁ of fhe hypothesized

relationships do indeed exist in the.population, ‘ -

-

Other aspects of this study favored the use.of populatidn correlations -

for rYl and Ty, greater than zero. Fbr‘N ='100 and aipha’='.05 (one-tailed),

—

\\\ " the cfi;ical size for the correlation is .165; most r's'generated’undqr a

pbpulation correlation which equal zero would be congi rably smaller than

this. The small sizes of a majority of the sample —Yl's and rYzis would hawve

. been substantively uninteresting and produced regression estimates whose mag- N

nitudes would probably‘be'ighored in a lot of/path analytic studies, . Therefore,
' making the population parameters for Tv1 and Tyo greater than zero was judged

.appropriate.
-

- From a purely technical standpoint, sampling from a population in which

»
oy

- these two correlations are positive and the correlation between the independént
. ' . Ie .
variables is zero increases the chances of randomly obtaining patterns of
cooperative suppression. Because the study intended to examine tpe incidence

of cooperative suppression in samples when in fact it did not exist in the
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population, the population parameter for T was not made negative. Two
factors primarily determined the choice of parameter values for Tv1 and Tyos

. . o 3 3 . .
In order to obtain a majority of correlations in the neighborhood- of those

|

typically found in studies, it was decided not to pake the degree\pf relation-

P
.

ship in the population too large.. To make the study more interesting: the

parameters for Tv1 and Tyy we{; made different from each ot?éﬁ. With fhé v

. . o N < . 2 L . .
above considerations in mind, this investigation used arbitrarily selected

.populatlon paraneters as follows: Ty, = 0,'TY1 = .20, Ty, = .35, )

P

°

S
—
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. A Mbnte Carlo Invest1gat1on of Spurlously Inflated Regre551on Estlmates

v

THOMAS D. JOVICK, Center for Educatlonal Polmcy'and Management

This study used a Monte Carlo simulatioh to ascertain the degree of
« N Al

1

inflation that can occur in :egressioh estimates when samples contain ran- .
domly occurring instances of a pattern among correlations called coopergtiie.h

suppre551on._ Ten thousand samples.of "'scores on threeVVariahles“wéfe randomly

N .

drawn from a population 1n which the correlatlons among the varlables were

prespecified such: that cooperat1ve suppre551on d1d not exist. Cooperat1ve

r o

suppression occurred in nearly 48% of the samples but the 1nc1dence of

rggressidn coefficients grossly d1screpant from the populatlon parameters-
was rare. Discussion centers around the implications for multiple linear ‘fﬁf

P e

regressioh and a method of causal investigation called path analysis.

N oy =y



